Heavy reliance of East Africa (EA) on rain-fed agriculture makes it vulnerable to drought-11 induced famine. Yet, most research on EA drought focuses on meteorological aspects with little 12 attention paid on agricultural drought impacts. The inadequacy of in-situ rainfall data across 13 EA has also hampered detailed agricultural drought impact analysis. Recently, however, there 14 has been increased data availability from remote sensing (rainfall, vegetation condition index -15 VCI, terrestrial water storage -TWS), reanalysis (soil moisture and TWS), and land surface 16 models (soil moisture). Here, these products were employed to characterise EA droughts 17 between 1983 and 2013 in terms of severity, duration, and spatial extent. Furthermore, the 18 capability of these products to capture agricultural drought impacts was assessed using maize 19 and wheat production data. Our results show that while all products were similar in drought 20 characterisation in dry areas, the similarity of CHIRPS and GPCC extended over the whole 21 EA. CHIRPS and GPCC also identified the highest proportion of areas under drought followed 22 closely by soil moisture products whereas VCI had the least coverage. Drought onset was 23 marked first by a decline/lack of rainfall, followed by VCI/soil moisture, and then TWS. 24 VCI indicated drought lag at 0-4 months following rainfall while soil moisture and TWS 25 products had variable lags vis-à-vis rainfall. GLDAS mischaracterized the 2005-2006 drought 26 vis-à-vis other soil moisture products. Based on the annual crop production variabilities 27 explained, we identified CHIRPS, GPCC, FLDAS, and VCI as suitable for agricultural drought 28 monitoring/characterization in the region for the study period. Finally, GLDAS explained 29 the lowest percentages of the Kenyan and Ugandan annual crop production variances. These 30 findings are important for the gauge data deficient EA region as they provide alternatives for 31 monitoring agricultural drought.
Models (ICGEM, http://icgem.gfz-potsdam.de/ICGEM/shms/monthly/csr-rl05/) were 195 processed following the approach of Wahr et al. (1998) and used in this study. During 196 the processing, the coefficients were filtered using a decorrelation and non-isotropic filter 197 (see, e.g., Kusche, 2007; Kusche et al., 2009) in order to remove stripes and spurious 198 patterns. This was followed by the application of a scaling factor, derived using GLDAS 199 TWS following the approach of Landerer and Swenson (2012), onto the synthesised 200 GRACE TWS to remove the leakage effect due to filtering. The synthesised GRACE-201 derived TWS over EA comprises changes from accumulated soil moisture, groundwater, 202 surface water, and biomass/canopy water content. It is referred to as GTWS in the 203 remainder of the manuscript. GRACE measurements agree with Earth rotation-derived 204 8 changes and geophysical model estimates (Chen et al., 2004) , and has a global root mean 205 square error of 2 cm to degree and order 70, uniformly over land and ocean (Tapley et al., 206 2004) . It has been used in a number of drought related studies both globally and in EA 207 region (see, e.g., Chen et al., 2009; Long et al., 2013; Awange et al., 2016) . 208 2. MERRA-2 total land water storage from 1982 to 2013, at 0.5 • latitude by 0.625 • longi-209 tude downloaded from https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/data access/ 210 was used in addition to GTWS. It does not include canopy water content and ground-211 water. It is referred to as MTWS in the remainder of the manuscript. (Kogan, 1995) . The data comprised of 15 days maximum composites at 5-arc-minute spatial 217 resolution (for a detailed description see Tucker et al. (2005) ; Pinzon and Tucker (2014)). 218 VCI is advantageous as it is able to isolate weather related vegetation stress (Kogan, 1995; 219 Quiring and Ganesh, 2010; Rojas et al., 2011) , which within the study area, would correspond 220 to water availability. It is computed as (Kogan, 1995) 221
where N DV I i is the monthly NDVI, N DV I max and N DV I min are multi-year maximum 222 and minimum NDVI, respectively. 223 AVHRR NDVI has been used extensively globally and over Africa for drought and other capturing agricultural droughts. Even though this data set undergoes several quality checks 231 along the processing chain (see, e.g., Kasnakoglu and Mayo, 2004) , lack of direct produc-232 tion/yield reporting from farmers to government agencies in developing countries (e.g., EA 233 region) means there is some level of uncertainty in the production data used. Even with the 234 uncertainties, this data is still the most credible, readily available production data. Due to the existence of a link between agricultural drought and 1 to 6 months precipi-237 tation anomalies (e.g., Kurnik et al., 2011; Elagib, 2013; Svoboda et al., 2012; Rouault and 238 Richard , 2003), Standardised Indices (SI) (e.g., SPI, McKee et al. (1993) ) were derived to 239 characterise agricultural drought using precipitation, VCI, TWS, and soil moisture products.
240
Similarly, Standardized Anomalies (SA)/Z-scores (Wu et al., 2001) were computed to charac-241 terise drought from GTWS due to its short duration. The resulting SI and SA indices were 242 then subjected to rotated principal component analysis to obtain their most dominant spatial 243 and temporal drought variabilities. Finally, the temporal variabilities were subjected to par-244 tial least-squares regression analysis to determine how well they captured drought variability.
245
Other than GRACE and GLDAS, all the other data sets were spatially aggregated to 1 • by 1 • 246 before standardization for consistency. For all products, the unstandardised data were tested 247 using w-statistics (Shapiro et al., 1968 ) and found to be normally distributed.
248
Given the differences in the variables used in this study, comparison of drought informa-249 tion was primarily carried out between various products of the same variables, e.g., between 250 precipitation products, or soil moisture products, or TWS. Notwithstanding the differences 251 between the variables, links/relations in drought information across the various products were 252 explored since drought progresses from deficiencies in rainfall followed by moisture through 253 to TWS. 
where XS ijk is the monthly standardized GTWS anomaly for location i, month j, and year 282 k; X ijk is the monthly GTWS for location i, month j, and year k; n is the length of GTWS 283 in years; and σ ij is the multi-year standard deviation for location i, month j. The resulting 284 standardized anomalies (z-scores), express the deviation of the GTWS above or below the 285 mean value and has been used to monitor drought in various studies (e.g., Wu et al., 2001; 286 Agnew and Chappell , 1999; Lough, 1997; Katz and Glantz , 1986 The four most significant components in terms of explaining the total variability from 343 RPCA of SI/SA revealed four distinct spatial patterns across all products ( Figs. 2 and 3 ).
344
The geographical coverage of these spatial patterns is summarized in Table 3 . The spatial 345 patterns of ERA-Interim and to some extent of GLDAS in region 2 were different from those 346 of other products.
347
The four RPCs explained between 38% (SVCI) and 96% (GTWS SA) of the total variance 348 of the respective original SI/SA variables ( Table 3 ). The spatial patterns have been scaled to ±1, thus the temporal evolutions shown in Fig. 4 indicate the actual magnitude of SA/SA for regions where the spatial patterns have values close to ±1. The spatial patterns are interpreted in conjunction with temporal evolutions in Fig. 4 and represent drought spatial patterns any time the temporal evolutions falls below −0.84, as in 1984/1985, 1999, 2000, 2005/2006, and 2010/2011 . These and other 360 Figure 3 : Rotated principal component spatial patterns of standardized soil moisture indices (SSI). Rows denote products while columns denote regions (also see Table 3 ). The spatial patterns have been scaled to ±1, thus the temporal evolutions shown in Fig. 5 indicate the actual magnitude of SSI for regions where the spatial patterns have values close to ±1. The spatial patterns are interpreted in conjunction with temporal evolutions in Fig. 5 and represent drought spatial patterns any time the temporal evolutions falls below −0.84, as in Table 2 . Patterns are consistent with those in Fig. 2 All products had similar performance in region 3 ( Figs. 4c and 5c ), which may be at- , 2015) . In relation to the rainfall products, the remaining products (VCI, soil 369 moisture, and TWS) showed delayed (lagged) response in the temporal evolution. This is 370 clearly visible in Fig. 4a in which MTWS appears like a low pass filtered version of the 371 CHIRPS/GPCC signals. This behavior could be due to a delayed response of terrestrial wa-372 ter storage changes to rainfall and soil moisture changes. Finally, the soil moisture products 373 seemed to be from largely two classes/categories of models with ERA-Interim, FLDAS, and 374 GLDAS in one category and CPC and MERRA-2 on the other, especially considering region 375 1 (Fig. 5 ).
376
Further, correlation analysis between the drought indices revealed close relationships be-377 tween various products e.g., CHIRPS and GPCC, MERRA-2, MTWS, and CPC, etc., across 378 the regions (Table 5 ). The close relationship between MTWS and MERRA-2 is similar to 379 that between CHIRPS and GPCC, since MTWS include aspects of soil moisture captured by Table 2 , to classify drought and/or wet conditions. All the moisture products have consistent performance in region 3 while in the rest of the regions, CPC is similar to MERRA-2 and similarly, ERA-Interim is closer to GLDAS.
Drought Intensity Area Analyses

386
In order to gain further insight into the spatial extent of the drought events and their 387 intensities, the spatial and temporal patterns (Figs. 2, 3 , 4, and 5) were integrated and using 388 20 precipitation is the key factor determining the characteristics of the resulting soil moisture (see, 414 e.g., Entin et al., 1999; Dirmeyer et al., 1999 Dirmeyer et al., , 2004 Mo et al., 2012) , hence the areal extents 415 under drought.
416
The MERRA-2 products show similar patterns and are closer to CPC (Fig. 6d, e, and h) 417 while GLDAS is closer to ERA-interim as had been observed from the correlations (Table 5) 418 and in the temporal evolutions ( Figs. 4 and 5) . FLDAS appear to be in between the two with GTWS having a lag in drought detection probably due to groundwater that is lacking in MTWS.
Further, GTWS returned higher percentage of areas under drought on average than MTWS 431 as confirmed by one way ANOVA (25.307 vs 9.8147 at F (1, 138) = 16.1064, p = 0.0001) 432 though with almost equal percentage of areas at drought peaks, at which GTWS lagged 433 MTWS by 0 − 3 months in the detection of drought onset and cessation ( Fig. 7a and b) .
434
Since MTWS is modelled on precipitation and other input without groundwater while GTWS 435 24 is observed, the lack of groundwater in MTWS probably explains why it does not properly 1983 -1984 , 2005 -2006 , and 2010 -2011 .
Year Finally, from the knowledge gained in the analyses above, the droughts of 1983 -1984, 2005 450 -2006, and 2010 -2011 were examined closely using selected indicators in order to quantify 451 the above-observed lags in drought cycles (Fig. 8 , Table 6 ). These drought years have been 452 selected for further analysis because they had more severe impacts in the region (see, e.g.,
453
Shukla et al., 2014; Masih et al., 2014; Spinage, 2012) . From this analysis, VCI had a lag of 454 0 -4 months in relation to CHIRPS in picking drought stages (onset, peak, and cessation) 455 while the soil moisture products (CPC, ERA-Interim, GLDAS, FLDAS, and MERRA-2) had 456 inconsistent lags amongst themselves, and in relation to CHIRPS for the considered drought 457 episodes (e.g., Fig. 8 , Table 6 ). Soil moisture, being an integration of rainfall anomalies over 458 time (Dutra et al., 2008; Sheffield and Wood , 2008) , is expected to have a lag in response 459 to rainfall behavior throughout the hydrological cycle hence the soil moisture products and 460 VCI (an indicator of moisture availability to vegetation) lag rainfall in the analysis. The 461 inconsistency in the lags by the soil moisture products, similar to observed inconsistency in 462 the percentage of areas under drought (Fig. 6) , could be due to the different model forcing 463 parameters used in generating various products in addition to different model thresholds as 464 discussed above. Finally, the TWS products had different lags with GTWS having longer 465 lag (Fig. 7) . This longest lag from GTWS could be due to the fact that it is the last in the Fig. 6g is clearer in Fig. 8b . with country level crop production data. The SIs were computed for the long term duration 483 (1983 -2013) and SAs for the short term (2004 -2013) . The latter duration though shorter, 484 was necessitated by the need to compare the performance of GRACE SA against the other 485 products. The proportions of variabilities explained (R 2 ) from the regression using the short 486 duration (SAs) should be interpreted with care due to the short length of the data used.
487
For Kenya, other than GLDAS and ERA, the rest of the products performed fairly well for 488 the period 1983 -2013 with CHIPS, GPCC, and VCI explaining up to 94%, 73%, and 89%, 489 respectively of the total annual variability in crop (wheat and maize) production ( Fig. 9a ).
490
Similarly for Tanzania, CHIRPS, GPCC, and VCI explained up to 96%, 85%, and 89%, re-491 spectively of the total annual variability in crop (wheat and maize) production ( Fig. 9b ).
492
Finally in Uganda, other than GLDAS, all the other products performed well with CHIRPS,
493
ERA, FLDAS, and MTWS explaining up to 88%, 92%, 84%, and 77%, respectively of the to-494 tal annual variability in crop (wheat and maize) production (Fig. 9c ). The poor performance Table 5 ) is evident in the amount of variabilities explained by these products across the 501 region.
502
CHIRPS performed generally better than GPCC across the region (Fig. 9a-c) . This could 503 be attributed to the fact that in addition to rain gauge input, CHIRPS has satellite-derived 504 rainfall estimates for areas with less or no rain gauge information unlike GPCC with only 505 rain gauge measured rainfall hence its performance is dependent on gauge density and terrain 506 changes (see, e.g., Schneider et al., 2014; Funk et al., 2015) . In relation to the rainfall products they are expected to explain higher variabilities in the annual crop production than rainfall 512 thus their poor performance could be linked to how well they fit the region. In addition, the 513 inconsistent performance of the soil moisture products (CPC, ERA-Interim, GLDAS, FLDAS, 514 and MERRA-2) and MTWS across the EA region in explaining the annual variability in crop 515 29 production could be linked to the inconsistencies observed in the drought characterization as 516 discussed in Section 4.1.2.
517
Overall, the good performance of FLDAS over GLDAS across the study region despite both 518 being products of the same model (Noah) is due to the fact that for FLDAS, the Noah model 519 was forced by CHIRPS, a precipitation product designed for the region. The magnitudes 520 of the annual variabilities in crop production explained by FLDAS could be a pointer to 521 difficulties faced by Noah in correctly partitioning precipitation into moisture, run-off, and 522 evapotranspiration as per natural occurrence in the EA region.
523
Though based on a short duration data set (10 years), GRACE SA has mixed performance 524 between wheat and maize across the countries but does better than or equals to soil moisture 525 products across the region (Fig. 9d-f ). The performance could be attributed to the fact that 526 over a shorter duration of time such as the one considered (i.e., 1-, 3-, and 6-months anomalies), 527 the bulk of the variation in the GRACE TWS occurs in the soil moisture compartment, which 528 is more sensitive to climate variability than groundwater change (e.g., Yang et al., 2014b) .
529
This shows the potential of GRACE product to monitor agricultural drought although longer 530 duration of dataset is essential.
531
Results from regression analysis should be interpreted with caution though, as the rela-532 tionship between production and climate conditions (water availability) only hold if other 533 factors in the production chain are held constant, e.g., areas under cultivation over the period 534 considered and technical factors of production (e.g., fertilizers, crop cultivars, pesticides). In 535 addition, production response to water at any stage of growth can be modified by various the study carried out partial least squares regression (PLSR) analysis over Kenya, Uganda, 544 and Tanzania to assess the utility of these products in capturing agricultural drought in these 545 countries.
546
Drought characterization results showed CHIRPS and GPCC as being similar and con-
